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Introduction
The United States has experienced a deterioration in maternal pregnancy-and childbirth-related health over the last several decades (Kassebaum et al., 2016) , and the burden of health complications is not borne equally by all mothers. For instance, black women are 3.3 times more likely to die from a pregnancy-related cause than their white counterparts (Petersen et al., 2019) . Most of the discussions about maternal health focus on the role of the health care system, but we know much less about other-environmental -determinants of maternal health and the racial disparities in it. 1 This paper focuses on an environmental factor that is becoming increasingly relevant due to the growing consensus that climate change is contributing to a gradual warming of the earth (NASA, 2013) : exposure to extreme heat.
A burgeoning literature has identified adverse short-term impacts of extreme temperatures on several population outcomes, including elderly mortality (Deschênes and Moretti, 2009; Deschênes and Greenstone, 2011) , emergency department visits and hospitalizations (Green et al., 2010; White, 2017) , and cognitive performance (Cho, 2017; Garg et al., 2018; Goodman et al., 2018; Graff Zivin, Hsiang, and Neidell, 2018) . Further, two recent studies have shown that in utero heat exposure has lasting negative effects on long-term cognitive ability (Hu and Li, 2019) and adult earnings (Isen, Rossin-Slater, and Walker, 2017) , highlighting the sensitivity of the prenatal period to extreme heat. 2 To the best of our knowledge, however, no prior studies have identified the causal effects of prenatal exposure to extreme temperatures on the health of the mothers themselves, and this paper aims to fill this gap. 3 Further, the mechanism underlying the relationship between fetal exposure to heat and longterm human capital remains poorly understood. The widely documented association between birth weight and adult outcomes (e.g., Black, Devereux, and Salvanes, 2007; Royer, 2009) suggests that the effect of prenatal temperature exposure may operate at least in part through a heat-induced reduction in birth weight (Deschênes et al., 2009 ). However, as recent work emphasizes that birth weight provides limited information about the uterine environment (Conti et al., 2018) , evidence 1 For examples of these discussions in the press, see: https://www.vox.com/science-and-health/2017/6/26/ 15872734/what-no-one-tells-new-moms-about-what-happens-after-childbirth https://www.npr.org/2017/05/12/528098789/u-s-has-the-worst-rate-of-maternal-deaths-in-thedeveloped-world https://www.npr.org/2017/05/12/527806002/focus-on-infants-during-childbirth-leaves-u-s-moms-indanger.
2 Fetuses and infants are sensitive to extreme heat due to their developing thermoregulatory and sympathetic nervous systems; see Young (2002) ; Knobel and Holditch-Davis (2007) ; Xu et al. (2012) .
3 Kuehn and McCormick (2017) conducted a systematic review of the literature on the effect of extreme heat on pregnancy outcomes globally. They identified 28 studies, which examined a range of birth outcomes, including preterm birth, low birth weight, and stillbirth. However, they did not identify any studies that investigated any measures of maternal health during pregnancy or at childbirth. Moreover, most of the medical studies on this topic use time-series variation in temperature to show that rates adverse birth outcomes are higher when temperatures are hot (Dadvand et al., 2011 , Auger et al., 2017 , Schifano et al., 2016 , Ha et al., 2017a . We build on this literature by leveraging arguably more random variation in extreme temperature exposure stemming from deviations from trends within narrowly-defined geographic and demographic cells, as we detail below.
on more specific measures of children's health at birth and in infancy may help us open the "black box" of the link between the early life environment and long-term outcomes. This paper studies the effect of exposure to extreme temperature during pregnancy on maternal and child hospitalizations, using the universe of administrative inpatient discharge records from three U.S. states with different climates: Arizona, New York, and Washington. To identify a causal effect of temperature exposure, we exploit residual temperature variation over time within narrowly-defined geographic and demographic cells. Our preferred specifications control for a full set of birth-county×birth-month×race×sex fixed effects, birth-state×birth-year fixed effects, and a quadratic time trend interacted with county×calendar month indicators. In addition, to account for the substantial variation in average temperatures across geographic regions that could generate differences in adaptation responses (Deschênes and Greenstone, 2011; Graff Zivin and Neidell, 2014; Barreca et al., 2015; Barreca et al., 2016; Carleton et al., 2018) , we model exposure to extreme heat in terms of standard deviations relative to each county's monthly temperature mean.
Our results show that exposure to extreme heat has adverse impacts on women's health during pregnancy. We find that an additional day during the second (third) trimester with average temperature at least three standard deviations above the county's monthly mean (hereafter referred to as "above-3-SD heat") increases the likelihood that a woman is hospitalized during pregnancy by 0.19 (0.12) percentage points, which represents a 4.8 (3.0) percent effect at the sample mean.
The estimated deterioration in pregnancy health is larger for black women than for white women, both in absolute and relative terms. For black women, an additional day with above-3-SD heat during pregnancy raises the likelihood of hospitalization by 0.3 percentage points, or 5.0 percent.
For white women, the corresponding magnitude is a 0.1 percentage point increase, or 2.6 percent.
We also demonstrate that extreme heat during pregnancy leads to worse maternal health at the time of childbirth. An additional day with above-3-SD heat in the first trimester raises the probability of a complication at childbirth by 0.48 percentage points (1.0 percent). An additional day of extreme heat in the third trimester increases the likelihood of a hypertension diagnosis at childbirth by 0.2 percentage points (2.9 percent) and increases maternal length of stay at the hospital by a (marginally significant) 0.009 days (0.3 percent).
Lastly, we present evidence of adverse impacts of extreme heat on novel measures of infant health. We show that an additional day with above-3-SD heat during the second trimester increases the likelihood of a newborn being diagnosed with dehydration by 0.008 percentage points (31 percent) and increases the probability that the infant is readmitted to the hospital within the first year of life by 0.3 percentage points (3.4 percent). We find that the increase in re-hospitalizations is driven by diagnoses for prenatal jaundice, prenatal hematological disorders, and respiratory diseases, which is consistent with a medical literature that identifies a link between infant dehydration and future childhood diseases (e.g., Steiner et al., 2004; Green et al., 2010) .
Our findings suggest that, in the absence of mitigating interventions, the projected increase in exposure to extreme heat over the next century may contribute to further worsening of maternal health. Moreover, since black women are both more likely to be exposed to extreme heat (due to differences in residence locations and in access to mitigating technologies such as air conditioning, see O'Neill et al., 2005; Gronlund, 2014) and experience larger adverse impacts of heat exposure on pregnancy-related health, our estimates imply that climate change could further exacerbate racial disparities in maternal health.
Our results on infant diagnoses and hospital re-admissions provide more nuanced measures of health impacts that may not be captured by commonly used markers such as birth weight. These estimates shed light on the possible mechanism through which fetal exposure to extreme heat could negatively affect later adult outcomes (Isen et al., 2017; Hu and Li, 2019) : children who are exposed to unusually hot temperatures in utero are more likely to be dehydrated at birth and experience health complications during infancy, which may inhibit their ability to develop cognitive and non-cognitive skills that support long-term human capital formation (Cunha and Heckman, 2007; Heckman and Mosso, 2014) .
Data
Our data comes from the State Inpatient Databases (SID) from the Healthcare Cost and Utilization Project (HCUP). The SID are state-specific files that contain the universe of inpatient records from participating states. Since the availability of variables varies across states and years, we focus on three states that contain all three of the key variables necessary for our analysis: (1) patient county of residence, (2) admission month, and (3) encrypted person identifiers to track patients over time in the same state. Our resulting sample consists of 2.73 million inpatient records of 2.68 million infants and 2.72 million inpatient records of 2.24 million mothers from Arizona (2003 ), New York (2003 ), and Washington (2003 .
We use diagnosis codes to identify inpatient visits associated with delivery (for mothers) and birth (for infants). 4 Since less than two percent of all births occur outside of hospitals during our analysis time period, we observe the near-universe of all mothers and infants in our analysis states. 5 We also identify maternal hospitalizations during pregnancy (i.e., those occurring in the 9 months before delivery) and hospital re-admissions for infants using patient identifiers.
To measure temperature exposure, we obtain data from the National Oceanic and Atmospheric Administration (NOAA). We have information on the mean, maximum, and minimum daily ground temperature and precipitation levels for every county and year-month during our analysis time frame. We then merge these data to the maternal and child inpatient records, using information on the mother's county of residence at the time of delivery and the child's county of birth, respectively. We use the child's birth year and month (or the mother's year and month of delivery) to assign exposure to temperature during pregnancy by assuming a 40-week pregnancy duration for all observations. 6
To account for the large amount of variation in average temperatures across different geographic areas, we normalize temperature relative to the overall average in each county-by-calendar-month.
Specifically, we first calculate the average temperature for every county-month (e.g., July in Queens county, NY), using data from all available years. Then, for every month in all county-year combinations (e.g., July 2012 in Queens county, NY), we calculate the difference between the given month's mean temperature and the overall average for that county-month, and divide by the standard deviation. We thus obtain a z-score that allows us to classify each month in any given county-year based on its deviation from the overall county-month average. We denote a month in which the mean temperature is at least 3 standard deviations (SDs) above the county-month average as having extreme heat. This normalization enables us to identify extreme weather while accounting for long-term adaptation to historical temperature trends. 7 Appendix Table B .1 provides the average temperature cutoffs for our measure of extreme heat for each state and month combination. Table B .2 shows the average number of days per year with mean temperature falling in bins specified either in absolute ( o F ranges) or relative (SD ranges) terms in our three states. Arizona on average experiences 55 days per year with mean temperatures above 80 o F , but has zero days with above-3-SD heat. By contrast, New York and Washington, which have substantially fewer days with above 80 o F mean temperatures, have nonzero exposure to extreme heat. These differences underscore the importance of using a relative measure, rather than an absolute measure, to define exposure to extreme heat in each local area.
Panels B and C of Appendix Table B .2 provide means of some of the maternal and infant health outcomes that we analyze (expressed as rates per 100 mothers or infants). Approximately 6 We have information on gestational age for only about 10 percent of our HCUP sample, which comes from diagnosis codes. It appears that gestational age is only recorded in cases where there are health complications, and we find that children with gestational age information have lower birth weight, longer length of stay, and higher likelihoods of readmission and death than those without gestational age information. Moreover, using actual pregnancy duration to assign exposure can be problematic due to the possible endogeneity of gestational age with respect to the in utero shock (Currie and Rossin-Slater, 2013) .
7 A growing literature demonstrates that accounting for adaptation is important for measuring the effects of temperature and climate change more broadly. In particular, individuals in historically hotter places may adapt to high temperatures through the adoption of mitigating technologies such as air conditioning and behavioral responses such as spending more time indoors. Consistent with this idea, several studies have documented geographic variation in the relationship between temperature and mortality (Deschênes and Greenstone, 2011; Barreca et al., 2015; Carleton et al., 2018) .
four percent of women get hospitalized during pregnancy, with the most common diagnosis being a pregnancy-related complication. Overall, 0.5, 1.2, and 2.6 percent of women are hospitalized in the first, second, and third trimesters, respectively. Among infants, 0.03 percent are diagnosed with dehydration at birth, and 8.7 percent are readmitted to the hospital at some point post-birth observable in our data. Re-hospitalizations for jaundice, respiratory infections, and bronchitis are most common. There are some meaningful differences in the maternal and infant health outcomes across the three states, highlighting an additional reason for including state×year fixed effects in all our regression models, which we describe in more detail next.
Empirical Strategy
A robust medical literature highlights the biological mechanisms linking prenatal exposure to extreme heat with maternal and infant health (see Appendix C for more details), and the goal of this paper is to quantify this causal relationship. A central challenge is that exposure to hot days is not randomly assigned. For instance, several studies have documented differences in the health and human capital outcomes of children born in different months of the year due to selection into conception based on parental characteristics and differential exposure to seasonal factors such as the influenza virus (Buckles and Hungerman, 2013; Currie and Schwandt, 2013) . In addition, there is non-random sorting of families into hotter and colder regions of the country based on incomes, preferences, and other characteristics, suggesting that cross-sectional comparisons between families residing in different regions are unlikely to isolate the causal effects of temperature exposure from the influences of other factors.
To address this challenge, we follow the prior literature by leveraging temperature variation within narrowly defined geographic and demographic cells, and flexibly accounting for local outcome trends. When studying maternal health, we collapse our data into cells defined by all possible combinations between the mother's county of residence at delivery, the year-month of childbirth, and race/ethnicity categories (White, Black, Hispanic, Asian American, and other) . For infant outcomes, we collapse the data into birth-county×birth-year-month×race×sex cells.
We use the following regression model to estimate the effects of exposure to extreme temperature during pregnancy: 
for mothers residing in (or births in) county c, year y, month m, with mothers/infants of race/ethnicity r, and infants of sex g. Y c,y,m,r,g is an outcome, which we rescale by multiplying by 100 (e.g., the number of mothers admitted to the hospital during pregnancy per 100 mothers giving birth). The variables T emp t,j c,y,m represent the number of days in each trimester t falling into each (j) of the eight bins of standard deviations of temperature from the county-month average, ranging from less than −3 SDs to at least 3 SDs or more, as illustrated in Appendix Figure A.1(b) . The bin representing temperatures in the [0,1) SD range is omitted as the reference group. Thus, the β t,j coefficients can be interpreted as estimates of the impact of an additional day in a given temperature range (j) relative to a day in the [0,1) SD range in trimester t. We are particularly interested in the coefficient β t,8 , which measures the effect of an additional above-3-SD day in each trimester t.
We control for a third-order polynomial of mean precipitation in each trimester, f (P recip t c,y,m ). θ c,m,r,g are fixed effects for every birth-county×birth-month×race×sex cell. η y,s(c) are birth-state×birth-year fixed effects, which account for differential outcome trends across states, any state timevarying policies, and the fact that we observe states in different sets of years in the HCUP data. δ c,m × f (y) are county-by-calendar-month-specific trends (e.g., Queens-County-by-January-specific trends), which we model with a quadratic polynomial. We also control for the average number of mothers (or infants) per 100, residing in zip codes in different quartiles of the median income distribution. We weight all regressions by cell size, and cluster standard errors on the county level. A potential concern for our empirical design stems from the possibility that there is insufficient variation in temperature exposure left once we condition on all of the fixed effects and trends just described. In Appendix Figure A .2, we plot a histogram of the residuals from a regression of the number of days of in utero exposure to above-3-SD heat on the birth-county×birth-month×race×sex fixed effects, birth-state×birth-year fixed effects, and county×calendar-month-specific quadratic trends. The figure provides reassurance that there is enough variation left in the top temperature bin to estimate the effects of extreme heat shocks. In addition, as expected, there is more residual variation in extreme temperatures than in more typical temperatures (we depict the residual variation in exposure to less extreme temperature in Appendix Figure A. 3).
Identifying Assumption. Our estimates of β t,j represent causal effects of prenatal exposure to temperature under the assumption that the within-cell variation in temperature (conditional on birth-state×birth-year fixed effects and county×calendar-month trends) is uncorrelated with other determinants of maternal and infant health. While this assumption is inherently untestable, we present some indirect tests to assess its plausibility.
First, we check whether there is any systematic relationship between our temperature variation and population demographic characteristics. We collapse our data to the birth-county×birth-year×birth-month level, and estimate a version of equation (1), excluding controls for demographic characteristics and zip code income quartiles. For outcomes, we consider the number of mothers (or infants) who are of different races/ethnicities, the number of female infants, and the numbers of mothers (or infants) residing in zip codes in different quartiles of the median income distribution per 100.
Appendix Table B .3 shows that our measure of extreme heat exposure is not correlated with either maternal or infant race, or infant sex. 9 In Appendix Table B .4, we find some evidence of a negative correlation between first trimester heat and the share of infants residing in zip codes in the bottom quartile of the median income distribution and between extreme heat in the third trimester and infants residing in zip codes in the top quartile of the median income distribution.
However, we do not observe any significant relationship between exposure to heat in the second trimester and income, which is the time period of exposure for which we find the strongest effects on infant health. Nevertheless, to address the concern that differential trends in exposure to heat are correlated with income, we include controls for zip code level income quartiles in all of our regression models.
Second, we test the robustness of our results to including hypothetical exposure to temperature assuming a child was born two years prior to his/her actual birth year-month. As we show below, we do not detect any placebo effects on outcomes from two-year leads in temperature exposure, while our main effects of exposure during pregnancy remain strong and significant. Third, we show below that our estimates for infant health post-birth are robust to controlling for contemporaneous temperature exposure. Figure 1 show that extreme heat exposure during second and third trimesters raises the likelihood of hospitalization during pregnancy. 10 Specifically, we find that an additional day with above-3-SD heat during the second (third) trimester raises the likelihood that a woman is hospitalized during pregnancy by 0.19 (0.12) percentage points. These coefficients translate into 9 The lack of relationship between extreme heat exposure and infant sex also suggests that there is no effect on miscarriages, as changes in the sex ratio at birth are often used as proxies for changes in miscarriage rates (e.g., Sanders and Stoecker, 2015; Halla and Zweimüller, 2013) .
Results

Maternal Health
10 For ease of exposition, we summarize the estimates on exposure to days within each of the eight SD bins graphically, and present the regression estimates and standard errors on coefficients for exposure to above-3-SD heat in table format.
4.8 and 3.0 percent effect sizes, respectively, when evaluated at the sample means. Table 1 further demonstrates that the increase in maternal hospitalizations is driven by hospitalizations due to pregnancy complications (ICD-9 codes 640-649). 11 We have also explored the timing of these hospitalizations, finding that second trimester heat exposure is associated with hospitalizations in both second and third trimesters (Appendix Table B .5). These results suggest that extreme heat has both immediate and persistent impacts on maternal pregnancy complications.
Further, we find differences in effects on prenatal hospitalization between black and white mothers. 12 Table 2 shows that the estimated adverse effect of extreme heat is much larger for black mothers than for white mothers, in both absolute and relative terms. For black mothers, we observe that an additional day of extreme heat during pregnancy increases the likelihood of hospitalization by 0.3 percentage points, or 5.0 percent at the sample mean. For white mothers, we find a 0.1 percentage point increase in the likelihood of prenatal hospitalization, which is 2.6 percent at the sample mean. While the difference in coefficients is not statistically significant at conventional levels (p-value is 0.14), these results nevertheless suggest that temperature exposure may be an important determinant of the widely documented black-white gap in maternal pregnancy-related health. In particular, as black mothers are on average exposed to more days with extreme heat than white mothers, our estimates imply that disparities in both the levels of extreme heat exposure and the magnitudes of the effects of exposure could help explain the racial gap in maternal health.
Appendix Table B .6 presents results for maternal health outcomes measured at childbirth. We find that exposure to an additional day with above-3-SD heat in the first trimester is associated with a 0.47 percentage point increase in the probability of having any complication related to pregnancy at childbirth (1.0 percent at the sample mean). We also find that an additional day of extreme heat during the third trimester increases the likelihood of a hypertension diagnosis at childbirth by 0.2 percentage points, or 2.9 percent. An increased risk of hypertension is supported by the medical literature on biological mechanisms of heat exposure (see Appendix C). Moreover, the higher incidence of complications at childbirth appears to increase maternal length of hospital stay. The last column of Appendix Table B .6 shows that an additional day with above-3-SD heat in the third trimester leads to a marginally significant 0.009 day increase in the average length of stay (0.3 percent). In supplementary analyses, we have also explored differences in effects on maternal health at childbirth by race. While the magnitude of the effect on length of stay appears to be larger for black than for white mothers, the estimates are imprecise, and we cannot rule out that the effect sizes are the same across the two groups (results available upon request).
In sum, our findings underscore that extreme heat exposure during pregnancy can generate 11 More specifically, these include hospitalizations due to edema, excessive weight gain, renal disease, peripheral neuritis, asymptomatic bacteriuria, infections of genitourinary tract, and liver disorders (ICD 646); diabetes, thyroid dysfunction, anemia, and cardiovascular disorders (ICD 648); or tobacco use, obesity, coagulation defects, epilepsy, spotting, uterine size date discrepancy, and cervical shortening (ICD 649).
12 When we estimate our models separately for black and white mothers, we drop counties that have fewer than 50 black or white mothers. This sample restriction allows us to identify the effects for each subgroup by providing sufficient variation in temperature exposure conditional on a large set of fixed effects and trends. significant costs for maternal health, and that at least some of these health costs appear to be larger for black than for white mothers.
Infant Health
Having shown that prenatal exposure to extreme heat influences maternal health, we proceed to examine the effect of fetal exposure to extreme temperatures on infants.
Column (1) of Table 3 shows that an additional day of exposure to above-3-SD heat increases the likelihood that a newborn is diagnosed with dehydration by 0.008 percentage points (a 31 percent effect at the sample mean). This effect is driven by exposure to extreme heat during the second trimester (Appendix Figure A.4(a)-(c) ).
The increase in dehydration is relevant in light of the fact that dehydration is one of the leading causes of morbidity and mortality in children (King et al., 2003; Black et al., 2003; Steiner et al., 2004) . A number of medical studies document that children under five years old have an average of two episodes of gastroenteritis associated with dehydration per year, leading to 2 to 3 million pediatric office visits and accounting for 10 percent of all pediatric hospital admissions in the U.S. (King et al., 2003; McConnochie et al, 1999; Glass et al, 1991) . Thus, an increased incidence of dehydration at birth may lead to increased future hospitalizations among children.
Consistent with this conjecture, column (2) of Table 3 Table B .7, it appears that the effect is concentrated between the age of 100 days and one year. 13
In Table 4 , we examine the diagnosis codes at the time of readmission. We find that exposure to second trimester heat is associated with re-hospitalization due to prenatal jaundice, prenatal hematological disorders, and respiratory conditions including bronchitis, influenza, and pneumonia. Combining with our results on dehydration at birth, the results on re-hospitalizations with these diagnoses are consistent with a medical literature on the link between dehydration and later childhood diseases, including bronchitis and bacterial infections such as pneumonia (e.g., Steiner et al., 2004; Green et al., 2010) .
Overall, our findings on infant health suggest that exposure to extreme heat during the second trimester increases the likelihood of the baby being dehydrated at the time of birth. This, in turn, appears to increase the likelihood of subsequent readmission to the hospital many months later for causes linked to dehydration. Importantly, these impacts are missed when one only measures 13 While we are not aware of any medical studies directly linking dehydration at birth with the timing of subsequent hospitalization, the delayed effect on hospitalization is consistent with other evidence that the temperature-induced risk of Sudden Infant Death Syndrome (SIDS) is greater for children between 3 and 12 months of age than for infants under 3 months (Auger et al., 2017) .
infant health using more standard variables, such as birth weight. 14
Additional Results
Placebo Temperature Exposure. To assess the possibility of bias due to differential trends in temperature exposure that are not controlled for in our main regression models, we test the robustness of our results to including two-year leads of temperature exposure. In particular, for every birth-county×birth-year-month, we calculate the hypothetical exposure to temperature assuming that the child had been born two years prior. We use a two-year (instead of a one-year) lead to avoid confounding our estimates with possible effects of temperature on conception or fertility (Lam et al., 1994; Barreca et al., 2015; Wilde et al., 2017) . Appendix Table B .8 shows that our results are robust to the inclusion of this control.
Controlling for Contemporaneous Temperature Exposure. We next examine whether our results on children's post-birth outcomes are sensitive to controlling for contemporaneous temperature exposure. 15 White (2017) finds that exposure to cold and hot temperatures has significant effects on immediate hospitalizations on the same day as well as hospitalizations in the following 30 days. If contemporaneous temperature is correlated with in utero temperature exposure in a way not accounted for by our controls, then there may be bias in our estimated effects.
To control for contemporaneous temperature, we use two approaches: (1) we control for the number of days in each of the eight SD temperature bins in the child's first year of life, and (2) we control for the average number of days in each of the eight SD temperature bins over all observable years of the child's life. Note we measure contemporaneous temperature assuming that the child's county of birth is his/her county of residence in the future and regardless of whether the child is re-hospitalized or not. Appendix Table B .9 indicates that the effect of extreme heat in the second trimester remains statistically significant for most outcomes.
Absolute Temperature Exposure. Lastly, we examine whether our results are robust to using absolute temperature instead of our relative measure based on deviations from each county's overall average temperature. We find that the main results presented above are mostly driven by mothers and infants from New York state (Appendix Table B .10). Thus, we repeat our analysis using absolute temperature exposure for the sub-sample of New York mothers and infants. Appendix Table B .11 shows that our findings are robust to using absolute temperature measures. We find similar effects of an additional day above 90 degrees on maternal prenatal hospitalization as well as infant dehydration and readmission. Appendix Figure A .5 consistently shows that prenatal hospitalization increases in response to above-90-degree heat during the second and third trimesters.
Conclusion
Scientists predict that global average temperatures will rise over the next 50 to 100 years, mostly due to a shift to the right in the upper tail of the temperature distribution. For instance, the number of days with mean temperature above 32 • C in the average American county is forecasted and Greenstone, 2011; Graff Zivin and Neidell, 2014; Barreca et al., 2015; Barreca et al., 2016; Carleton et al., 2018) , suggesting that extreme deviations from typical weather may be particularly damaging.
In this paper, we contribute to the evidence on the costs of exposure to extreme heat by documenting maternal and infant health impacts. We use the universe of inpatient discharge records from three states and find that exposure to extreme heat in the second trimester of pregnancywhich we measure using standard deviations relative to each county's overall monthly temperature mean-leads to an increase in women's hospitalizations for pregnancy-related complications. We find that prenatal exposure to extreme heat raises the likelihood that a mother is diagnosed with hypertension at childbirth, and slightly increases her length of hospital stay. The fact that the adverse impacts on health during pregnancy are larger for black than for white mothers suggests that climate change may exacerbate the already large racial gap in maternal health.
We also find that in utero exposure to extreme heat increases the risk of a newborn being diagnosed with dehydration and an infant being re-hospitalized in the first year of life for causes linked to dehydration. Thus, our results shed light on a potential mechanism behind the previously documented relationship between early-life temperature exposure and long-term outcomes-early childhood health complications associated with dehydration may inhibit children's ability to learn and develop skills that influence future human capital formation.
An important limitation of our study is that we are not able to measure health impacts not captured by the hospitalizations data. Just like standard measures of infant health (like birth weight) may miss more nuanced effects on other aspects of health that we do measure, our estimates based on hospitalizations cannot capture potential impacts on more minor health insults that do not lead to hospital encounters. Future research may expand our understanding of these effects with better data on other health conditions. 
Figure 1: Effects of Temperature During Pregnancy on Prenatal Hospitalization
Notes: The figures plot regression coefficients, βt,j, from equation (1) for each SD bin (j) for each trimester (t) with 95% confidence intervals. Outcome is rescaled by multiplying by 100. Standard errors are clustered at the birth county level. All regressions control for mother's race/ethnicity×birth-county×birth-month fixed effects, zip code level income quartiles, birth-state×birth-year fixed effect, a quadratic time at the county×calendar month level, and a cubic polynomial in precipitation. We use the data collapsed at the race×birth-county×birth-year-month level.
Cell size weights are used. (1). Robust standard errors, clustered by birth county, are in parentheses. Each outcome is rescaled by multiplying by 100. All regressions control for mother's race/ethnicity×birth-county×birth-month fixed effects, zip code level income quartiles, birth-state×birth-year fixed effect, a quadratic time at the county×calendar month level, and a cubic polynomial in precipitation. We use the data collapsed at the race×birth-county×birth-year-month level. Cell size weights are used. ICD codes 640-649 indicate "complications mainly related to pregnancy." ICD 646 is for "other complications of pregnancy, not elsewhere classified," which includes edema, excessive weight gain, renal disease, peripheral neuritis, asymptomatic bacteria, infections of genitourinary tract, and liver disorders. ICD 648 indicates "other current conditions in the mother classifiable elsewhere," such as diabetes, thyroid dysfunction, anemia, and cardiovascular disorders. ICD 649 is for "other conditions or status of the mother complicating pregnancy, childbirth, or the puerperium," including tobacco use, obesity, coagulation defects, epilepsy, spotting, uterine size date discrepancy, and cervical shortening. * p<0.10, ** p<0.05, *** p<0.01. (1), where t combines all three semesters. We drop counties that have fewer than 50 black or white mothers for this subgroup analysis. Robust standard errors, clustered by birth county, are in parentheses. Each outcome is rescaled by multiplying by 100. All regressions control for mother's race/ethnicity×birth-county×birth-month fixed effects, zip code level income quartiles, birth-state×birth-year fixed effect, a quadratic time at the county×calendar month level, and a cubic polynomial in precipitation. We use the data collapsed at the race×birth-county×birth-year-month level. Cell size weights are used. ICD codes 640-649 indicate "complications mainly related to pregnancy." ICD 646 is for "other complications of pregnancy, not elsewhere classified," which includes edema, excessive weight gain, renal disease, peripheral neuritis, asymptomatic bacteriuria, infections of genitourinary tract, and liver disorders. ICD 648 indicates "other current conditions in the mother classifiable elsewhere," such as diabetes, thyroid dysfunction, anemia, and cardiovascular disorders. ICD 649 is for "other conditions or status of the mother complicating pregnancy, childbirth, or the puerperium," including tobacco use, obesity, coagulation defects, epilepsy, spotting, uterine size date discrepancy, and cervical shortening. * p<0.10, ** p<0.05, *** p<0.01. (1). Robust standard errors, clustered by birth county, are in parentheses. Each outcome is rescaled by multiplying by 100. All regressions control for infant's race×infant's sex×birth-county×birth-month fixed effects, zip code level income quartiles, birth-state×birth-year fixed effect, a quadratic time at the county×calendar month level, and a cubic polynomial in precipitation. We use the data collapsed at the race×sex×birth-county×birth-year-month level. Cell size weights are used. * p<0.10, ** p<0.05, *** p<0.01.
Tables
Online Appendix Notes: We compute residuals from a regression of the raw number of days with temperature above 3 SDs during a three-month period on race×sex×birth-county×birth-month fixed effects and birth-state×birth-year fixed effects and county×calendar month-specific quadratic trends. The distribution shows 1.5 SD deviations below and above the mean residuals. We use the data collapsed at the race×sex×birth-county×birth-year-month level. Notes: Panel (a) plots the residuals from a regression of the raw number of days with temperature between -1 and 0 SD during a three-month period on race×sex×birth-county×birth-month fixed effects and birth-state×birth-year fixed effects and county×calendar month-specific quadratic trends. Panel (b) plots the residuals from a regression of the raw number of days with temperature between 1 and 2 SD during a three-month period on race×sex×birth-county×birth-month fixed effects and birth state×birth-year fixed effects and county×calendar month-specific quadratic trends.
Each distribution shows residuals ranging from -0.5 to 0.5. We use the data collapsed at the race×sex×birth-county×birth-year-month level. 
: Effects of Temperature During Pregnancy on Prenatal Hospitalization in New York
Notes: The figures plot regression coefficients, βt,j, from equation (1) for each SD bin (j) for each trimester (t) with 95% confidence intervals. Each outcome is rescaled by multiplying by 100. Standard errors are clustered at the birth county level. All regressions control for mother's race/ethnicity×birth-county×birth-month fixed effects, zip code level income quartiles, birth-state×birth-year fixed effect, a quadratic time at the county×calendar month level, and a cubic polynomial in precipitation. We use the data collapsed at the race×birth-county×birth-year-month level.
Cell size weights are used. Sources: NOAA weather data.
Appendix B. Appendix Tables
Notes: For each state, we calculate average temperature cutoffs for our measures of extreme heat, 2 or 3 standard deviations above the overall mean temperature for a given county and month. Arizona experiences no exposure to above-3-SD heat during our study period. New York and Washington also do not experience above-3-SD heat in some months. Sources: NOAA weather data and HCUP databases.
Notes:
We use the data collapsed at the race×sex×birth-county×birth-year-month level. Temperature cutoffs for 2-SD and 3-SD above county-month averages are summarized by state in Appendix indicate "complications mainly related to pregnancy." ICD 646 is for "other complications of pregnancy, not elsewhere classified," which includes edema, excessive weight gain, renal disease, peripheral neuritis, asymptomatic bacteriuria, infections of genitourinary tract, and liver disorders. ICD 648 indicates "other current conditions in the mother classifiable elsewhere," such as diabetes, thyroid dysfunction, anemia, and cardiovascular disorders. ICD 649 is for "other conditions or status of the mother complicating pregnancy, childbirth, or the puerperium," including tobacco use, obesity, coagulation defects, epilepsy, spotting, uterine size date discrepancy, and cervical shortening. (1). Robust standard errors, clustered by birth county, are in parentheses. All regressions control for birth-county×birth-month fixed effects, birth-state×birth-year fixed effect, a quadratic time at the county×calendar month level, and a cubic polynomial in precipitation. We use the data collapsed at the birth-county×birth-month level. Cell size weights are used. * p<0.10, ** p<0.05, *** p<0.01. Each outcome is rescaled by multiplying by 100. All regressions control for infant's race×infant's sex×birth-county×birth-month fixed effects, zip code level income quartiles, birth-state×birth-year fixed effect, a quadratic time at the county×calendar month level, and a cubic polynomial in precipitation. We use the data collapsed at the race×sex×birth-county×birth-year-month level. Cell size weights are used. * p<0.10, ** p<0.05, *** p<0.01. (1). Robust standard errors, clustered by birth county, are in parentheses. Each outcome is rescaled by multiplying by 100. Column (1) controls for mother's race/ethnicity×birth-county×birth-month fixed effects, zip code level income quartiles, birth-state×birth-year fixed effect, a quadratic time at the county×calendar month level, and a cubic polynomial in precipitation. For maternal outcome, we use the data collapsed at the race×birth-county×birth-year-month level. Columns (2) and (3) control for infant's race×infant's sex×birth-county×birth-month fixed effects, birth-state×birth-year fixed effect, a quadratic time at the county×calendar month level, and a cubic polynomial in precipitation. We use the data collapsed at the race×sex×birth-county×birth-year-month level for infant outcomes. Cell size weights are used. * p<0.10, ** p<0.05, *** p<0.01. (1). Robust standard errors, clustered by birth county, are in parentheses. Each outcome is rescaled by multiplying by 100. All regressions control for infant's race ×infant's sex×birth-county×birth-month fixed effects, zip code level income quartiles, birth-state×birth-year fixed effect, a quadratic time at the county×calendar month level, and a cubic polynomial in precipitation. We use the data collapsed at the race×female×birth-county×birth-year-month level. Cell size weights are used. * p<0.10, ** p<0.05, *** p<0.01. (1). Robust standard errors, clustered by birth county, are in parentheses. Each outcome is rescaled by multiplying by 100. Column (1) controls for mother's race/ethnicity×birth-county×birth-month fixed effects, zip code level income quartiles, birthstate×birth-year fixed effect, a quadratic time at the county×calendar month level, and a cubic polynomial in precipitation. For maternal outcome, we use the data collapsed at the race×birth-county×birth-yearmonth level. Columns (2) and (3) control for infant's race×infant's sex×birth-county×birth-month fixed effects, birth-state×birth-year fixed effect, a quadratic time at the county×calendar month level, and a cubic polynomial in precipitation. We use the data collapsed at the race×sex×birth-county×birth-yearmonth level for infant outcomes. Cell size weights are used. * p<0.10, ** p<0.05, *** p<0.01. Robust standard errors, clustered by birth county, are in parentheses. Each outcome is rescaled by multiplying by 100. Column (1) controls for mother's race/ethnicity×birth-county×birth-month fixed effects, zip code level income quartiles, birth-state×birth-year fixed effect, a quadratic time at the county×calendar month level, and a cubic polynomial in precipitation. For maternal outcome, we use the data collapsed at the race×birth-county×birth-year-month level. Columns (2) and (3) control for infant's race×infant's sex×birth-county×birth-month fixed effects, birth-state×birth-year fixed effect, a quadratic time at the county×calendar month level, and a cubic polynomial in precipitation. We use the data collapsed at the race×sex×birth-county×birth-year-month level for infant outcomes. Cell size weights are used. * p<0.10, ** p<0.05, *** p<0.01.
